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ABSTRACT: Machine learning (ML) provides powerful pathways for & o hén(o) MLP H(E)
predicting spectroscopic observables from atomic structures, but its o A o

broader impact depends on making model predictions interpretable in i « % \? GNN

terms of physical and chemical principles. Here, we introduce a ® | encoder

physics-guided graph neural network (GNN) model that predicts Zn 3 & oi{

K-edge X-ray spectroscopy (XAS) spectra of aqueous ZnCl, solutions. Predlctlon

Training data are generated from ab initio XAS calculations on

<

Interpretation
molecular dynamics snapshots obtained using a machine learning Zn 4p P
interatomic potential. The GNN reproduces experimental spectra
. . . E ou(E) ou(E)
across concentrations from dilute (<0.1 m) to highly concentrated (30 55 OKE)
m, “water-in-salt”) regimes and scales efficiently to large, disordered [ Ee : ° s OR
®

liquid systems beyond the reach of conventional ab initio approaches. Zn 1s
Gradient-based attribution analysis reveals that the model learns

physically meaningful structure-spectrum relationships. Ligand-specific attributions reflect orbital hybridization patterns and the
origin of the excitations derived from the density functional theory. Bond-length attributions recover spectral shifts consistent with
multiple-scattering theory. This work bridges data-driven prediction with electronic-structure theory, establishing a general paradigm
for interpretable ML that links atomic structure, electronic structure, and spectroscopic observables.

1. INTRODUCTION

X-ray absorption spectroscopy (XAS) provides detailed,
element-specific information on local atomic and electronic
structures, including coordination number, ligand type, bond
length, oxidation state, and orbital hybridizationl_3 and is
widely used to gain mechanistic understanding of complex
chemical environments.”® Accurate and efficient simulation of
spectroscopic data is critical for interpreting experimental
spectra and conducting rational materials design. Conventional
ab initio approaches can accurately simulate XAS, but they are
computationally demanding for large systems. Machine
learning (ML), as an emerging data-driven technique, offers
a promising avenue to learn structure-spectrum relationships
directly from data and has been applied to predict spectral
functions in XAS,°™'® as well as Raman and infrared
spectroscopy.'~ >

Despite the rapid progress of ML, its widespread adoption in
materials research has been hindered by the perceived “black
box” nature of typical off-the-shelf models and the lack of
interpretability in terms of physical and chemical principles.
Recent advances in explainable ML have begun to bridge data-
driven predictions and physical understanding in materials
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chemistry.”~* In the context of XAS, Kotobi et al. combined
class activation maps (CAM) with time-dependent density
functional theory (DFT) ground truth orbital analysis in small
molecular systems in order to quantitatively validate model
attributions based on physical orbital contributions.” This
study highlights the promise of interpretable ML for
spectroscopy while also motivating the extensions to more
complex and disordered systems.

In this study, we develop a graph neural network (GNN)-
based ML model to predict Zn K-edge XAS for aqueous ZnCl,
solutions from dilute (<0.1 m) to highly concentrated (30 m,
“water-in-salt”) regimes. ZnCl, electrolytes are promising
aqueous electrolytes for next-generation Zn-ion batteries.”*’
Understanding the solvation structure and ion-—ligand
interactions is important for optimizing the electrochemical
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stability and ion transport properties of battery electrolytes. In
a recent study, Driscoll et al. used XAS to investigate the Zn**
solvation structure in ZnCl, aqueous solutions.”® The
qualitative spectral trend was reproduced through ab initio
simulations based on cluster models of selective solvation
motifs. This study revealed that tetrahedral ZnCl,*~ species
exhibit a lower energy white line than do octahedral
Zn(H,0)¢** complexes. Beyond the correct qualitative trend,
a more detailed study is needed to correlate the spectral
features with a wealth of solvation motifs and identify their
electronic structure origins. However, obtaining the in-depth
understanding is challenging, because of the roadblock to
simulate the dynamics and compute the XAS spectra of liquid
systems containing thousands of atoms in the supercell.

Here, we address this challenge using large-scale molecular
dynamics (MD) simulations and interpretable ML. The
training data consists of atomic configurations generated by
MD simulations using a machine learning interatomic potential
(MLIP) developed in our previous work that can accurately
reproduce the DFT potential energy surface of ZnCl, solution
at a wide range of concentrations.” XAS spectra are generated
by using the ab initio core-hole potential method on MD
snapshots. The XAS ML model uses a GNN encoder to extract
absorber feature embeddings from atomic structures. Sub-
sequently, a multilayer perceptron (MLP) spectral head
predicts site-specific spectrum from these latent embeddings.
The design is physics-guided because unlike total energy
prediction models which stack latent embeddings from all
atoms, our model focuses on the absorbing atom, passing only
its latent embedding to the spectrum head. This aligns with
XAS’s nature as a site-specific local probe and enhances model
interpretability. The ML model accurately reproduces
experimental spectra across all concentrations studied.

To interpret the learned structure—spectrum relationships,
we first use Uniform Manifold Approximation and Projection
(UMAP)™ to visualize the latent feature space and confirm
that the GNN encodes the local coordination environment of
the absorber. We then use the Integrated Gradients (IG)
method®** to quantify the influence of atom representation
and bond length on the predicted spectra. IG analyses reveal
that ligand-specific attributions correlate with orbital hybrid-
ization patterns in the unoccupied electronic states. Bond-
length-dependent attributions capture spectral shifts, consis-
tent with multiple-scattering theory. By connecting ML
attributions to established spectroscopic physics, this work
demonstrates that data-driven models can capture physically
meaningful principles. This study establishes a generalizable
pathway for interpretable ML in spectroscopy that bridges
atomic structure, electronic structure, and a measurable
spectral response.

2. METHODS

2.1. Experimental XAS Measurements

ZnCl, solutions were prepared by dissolving anhydrous ZnCl,
(Sigma-Aldrich, >98%) in 182 MQ DI water and then stirring
overnight with a sealed vial. Solutions were transferred into plastic
pouches individually and sealed for XAS data collection. The XAS
measurements were performed at the 7-BM (QAS) beamline in the
National Synchrotron Light Source (NSLS-II) at Brookhaven
National Laboratory. XAS measurements were acquired in trans-
mission mode at the Zn—K edge along with the reference foil for each
sample. Four scans were collected for each sample and then merged to
improve the signal-to-noise ratio. The energy edge was then calibrated

by Zn reference foil at 9659 eV. All the calibration, merging, and
normalization process were done using Athena software from the
Demeter package.”> Our measured Zn K-edge XAS spectra are in
good agreement with literature®* except for a constant energy shift
due to different treatments of edge alignment.

2.2. Generation of Atomic Configurations

Atomic configurations of aqueous ZnCl, solutions were generated by
MD simulations using an MLIP developed in our previous work.””
The MLIP was trained with ab initio data obtained from Quantum
Espresso”*° using the SCAN® exchange—correlation functional and
implemented through the DeePMD-kit*® framework. The cutoff
radius was set to 6 A. The MLIP predicts the energy of the system and
forces on each atom from atomic coordination and species. MD
simulations were performed in LAMMPS®® under isothermal—
isobaric (NpT) ensemble at 333 K and 1 bar. At 333 K, the SCAN
functional is known to reproduce the structural properties of liquid
water near room temperature.*>*' The Nosé—Hoover thermostat and
barostat as implemented in LAMMPS were employed. The
thermostat relaxation time was set to 0.05 ps, and the barostat
relaxation time was set to 0.5 ps.

For training data generation, simulation cells of approximately 10 A
X 10 A X 10 A were used with periodic boundary conditions.
Snapshots were extracted from trajectories at four concentrations
(1.85, 3.5, 18.5, and 30 m). An additional test data set corresponding
to a Zn/O ratio of 1:7 (8 m) was generated to evaluate the model’s
interpolation capability.

For production simulations used to compare with experimental
XAS data, larger systems were constructed with approximately 25 A X
25 A x 25 A (about 1600 atoms). For the dilute 0.1 m system, the
production run system consists of about 6000 atoms to ensure an
accurate representation of solvation environments. In each MD
simulation, the first 2 ns were considered as equilibration time and
were discarded. Production trajectories were recorded, with snapshots
saved every S ps. Structural configurations for spectra prediction were
randomly sampled from the MD trajectory. Detailed composition
information about the simulation systems is provided in Table S1.

2.3. Ab Initio XAS Calculations

XAS were calculated using the core-hole potential method*
implemented in VASP.**** The input files were generated using the
Lightshow package.* The energy levels and wave functions were
obtained using DFT, and the Perdew—Burke—Ernzerhof (PBE)*
generalized gradient approximation was used for the exchange—
correlation functional. The GW-type projector augmented-wave
(PAW) pseudopotentials were used to ensure accurate treatment of
unoccupied states relevant to XAS transitions. The simulation was
carried out using the excited-electron and core-hole (XCH)
approximation.*” The final training data set comprised approximately
2000 Zn site spectra paired with their corresponding atomic
configurations extracted from MD simulations.

Each simulated spectrum was broadened by convolution with a
Lorentzian function of 1.67 eV half-width at half-maximum,
corresponding to the Zn 1s core-hole lifetime.*® Simulated spectral
alignments® across configurations were performed by shifting the
calculated edge according to E,g, = (E — Egeymi) + (Excu — Egs),
where Exy is the total energy of the excited state (core-hole system),
Efermi is the Fermi energy of the core-hole system, and Egg is the total
energy of the ground state. This alignment shifts the energy scale so
that the absorption energy corresponds to the difference between the
total energies of the excited and ground states. A constant global
energy shift was then applied to match the experimental reference
spectrum. For intensity normalization, the predicted spectra were
scaled to match the normalized experimental spectra. Specifically,
predicted spectra for concentrations from 0.1 to 30 m were compared
with the corresponding experimental spectra, and the postedge region
from 9675 to 9715 eV was used to determine a scaling factor. Then
the average scaling factor over all concentrations was applied
uniformly to all of the predicted spectra.

The PDOS was computed by using the same pseudopotential in
the XCH approach as described for the XAS simulations. All of the
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Figure 1. [llustration of the workflow and machine learning (ML) model. (a) Atomic structures are converted into graph representations, and the
trained ML model predicts XAS from the graph. Here, the graph representation is for illustration only, and not all edges are presented. (b)
Architecture of the ML model. It consists of a graph neural network (GNN) encoder that extracts absorber features, followed by a multilayer
perception (MLP) spectrum head that maps these features to the predicted XAS. The GNN encoder includes initial node and edge embeddings,
three message-passing layers, and three-body interaction layers to capture angular correlations.

PDOS results are plotted relative to the Fermi level. The alignment of
the PDOS is the same as that of the XAS spectra, except for a constant
corresponding to the 1s core level from the XCH pseudopotential.

2.4. Many-Body Shakeup Correction

Many-body shakeup effects were incorporated by convolving the
calculated XAS spectrum with a core-hole spectral function
A(®).%°7>® The spectral function A(w) = —i Im[G(w)] was
calculated within the cumulant approximation of the core-hole
Green’s function, G(t) = Gy(t) exp(C(t)), where G, is the single-
particle Green’s function and C(f) is the cumulant function, which
incorporates the many-body excitations®*** induced by the sudden
creation of the core hole.

In practice, the spectral function A(w) was computed for
representative Zn coordination environments, including Zn(H,0)s,
Zn(H,0)Cl, Zn(H,0),Cl, Zn(H,0),CL, Zn(H,0),CL, Zn(H,0)-
Cl;, and ZnCl,. The resulting spectral functions were found to have
similar satellite intensities, and convolution results using different
spectral functions show minimal differences (Figure S1). Therefore,
an average A(w) was used for all spectra in the shakeup correction.

The convolution redistributes spectral weight from the quasipar-
ticle peak to shakeup satellites associated with charge-transfer and
plasmon excitations. This correction effectively reduces the white-line
intensity and fine-structure amplitude, improving the agreement
between the calculated and experimental XAS spectra by accounting
for many-body inelastic losses not captured in single-particle DFT
calculations.

2.5. ML Model

Each atomic configuration is represented as a graph G = (V, E), where
V = {v;} denotes the set of atomic nodes, and E = {(v, v)} denotes
edges connecting neighboring atoms within a cutoff radius ., = 4 A.
The graph is used as the input to the GNN. The GNN follows the
design and architecture of M3GNet,”® simplified and specialized for
our system of four element types (Zn, O, H, and Cl) and for
predicting spectral curves rather than scalar total energies. The GNN
consists of node and edge embeddings, three-body interactions, and
three message passing layers with a cutoff distance of 4 A for neighbor
communication. After the message-passing layers, the latent feature
vector of the absorbing atom (Zn) is extracted and serves as the input
to the spectrum head. The spectrum head is implemented as a feed-
forward MLP with two hidden layers (64 — 128 — 128 — 200

neurons) and SiLU activation. The MLP outputs the predicted
absorption spectrum 4 (E) sampled at 200 energy points. The network
is trained using the MSE loss between predicted and reference
spectra.

2.6. Integrated Gradients (IG) Attribution

The IG method®"” implemented using the Captum library®® is
employed to analyze how structural features influence the predicted
XAS spectra. IG quantifies how each input feature contributes to the
model output by integrating the gradients along a continuous path
from a chosen baseline input to the actual input.

For node-wise attribution, the Integrated Gradient for atom i is the
path integral of the gradient of the predicted intensity u(E) with
respect to the atom’s initial embedding h©:

aﬂ(E, hbase + a(hi(O) _ hbase))
da
ahi((‘)i)

1
1G,4() = (Y - k™) |

where £, is the 64-dimensional initial embedding of node i, h*** is
the baseline embedding, and the integral is evaluated along the linear
path between them. IG, 4(E) represents the integrated contribution for
the dth embedded feature of node i to the predicted intensity at
energy E.

For the standard importance attribution, the baseline is a zero
vector, corresponding to the absence of structural information. Since
the sign of the embedding has no physical meaning, the node
attribution is computed as the L;-norm of the integrated gradients
across all embedding dimensions:

64
|Attr,(E)l= Z IG, 4(E)!  (with zero baseline)
d=1
For the counterfactual attribution, the baseline is defined as the
chemically neutral reference, which lies midway between the O and ClI
embedding vectors: h** = %(hc(,o) + hé(l))). In this case, the sign of
each IG4(E) is physically interpretable. The CF attribution is
therefore computed as

64
Attr{F(E) = Y 1G, 4(E)  (with O—Cl baseline)
d=1
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Figure 2. Comparison of ML-predicted and experimental XAS spectra. (a) MD snapshots of ZnCl, aqueous solutions. Top: concentrated 30 m
system containing 200 ZnCl, and 368 H,0 molecules. Bottom: dilute 0.1 m system containing 2220 H,0O and 4 ZnCl, molecules. (b) Effect of the
post hoc many-body shakeup correction on the predicted spectra. Top: 30 m; bottom: 0.1 m. (c) ML-predicted Zn K-edge XAS spectra at different
concentrations (colored lines) after applying the shakeup correction, compared with experimental measurements (gray markers).

For bond-length attribution, the IG value for the ith bond is
calculated as the path-integrated gradient of the predicted intensity
u(E) with respect to bond length R;:

19 E, R.base + R. — R})ase
IG,(E) — (R, _ Ribase) f /’l( i ag( i i )) da
0 .

i

where R is the original length of bond i, and R"** is the baseline used
to define the integration path, chosen as a small elongation of the
corresponding bond, R ™ =R, +0.05 A. Since R, — R™* < 0, we take
the negative of integrated gradients as the bond length attribution:

AttrPe(B) = —IG,(E)

which corresponds to the change in spectral intensity upon increasing
the bond length. This enables direct interpretation of derivative
Ou(E)/0R, as the spectral sensitivity to bond stretching.

3. RESULTS AND DISCUSSION

3.1. Model Performance and Experimental Validation

Figure 1 shows an illustration of the workflow and the GNN-
based ML model. The model consists of two parts. The first
part is a GNN encoder that transforms the atomic graph into a
latent embedding of the absorbing Zn atom, termed the
absorber features. The second part is an MLP spectrum head,
which takes the absorber features as input and predicts the
XAS spectrum. The GNN includes node and edge
embeddings, three-body interactions, and three message
passing layers. The ML model follows the architecture of
M3GNet,*® but is simplified and specialized for our system of
four element types (Zn, O, H, and Cl) and for predicting
spectral curves rather than the total energy; additionally, only
the absorber features rather than the latent embeddings of all
atoms are passed to the spectrum head for spectral prediction.

The ML model achieves good agreement between the
predicted and simulated spectra. The mean squared error
(MSE) of the predicted spectra is 2.57 X 107> on the
validation set and 2.73 X 107> on the test set. The validation
set is used to monitor model performance during training and
prevent overfitting, and the test set contains unseen data used
only for the final evaluation of the trained model. Figure S2
shows the decile plots of predictions on the test data set.

Importantly, the test data set has a different concentration (8
m) than the training and validation data (1.85, 3.5, 18.5, and
30 m; see Table S1). Though similar atomic configurations
may be included when sampling different concentrations, the
good performance on the test set still demonstrates the
model’s strong interpolation capability.

To compare with experimental data, the trained model was
applied to large-scale production systems containing about
1600 atoms, which represent more realistic experimental
conditions. For a dilute concentration at 0.1 m (Zn/O =
1:555), a system with 2220 H,O and 4 ZnCl, was used. This
large system size underscores the critical role of the ML XAS
surrogate, while the problem is otherwise intractable by using
standard ab initio methods. Figure 2a shows two exemplary
MD snapshots for concentrated and dilute systems. For 0.1—2
m concentrations, 10 snapshots were used to predict the XAS
spectra. For 3—30 m concentrations, five snapshots were
sufficient due to the larger number of Zn** sites in the
simulation box. Details about the production systems,
including the unit cell composition and the number of Zn
absorber sites contributing to the averaged predicted spectrum,
are provided in Table S1. For the very dilute 0.1 m system, the
averaged spectrum is obtained from 40 Zn sites. The
coordination statistics of O and Cl atoms in the FSS of Zn
are shown in Figure S3 for both the selected snapshots and the
full MD trajectory, demonstrating that the sampled snapshots
provide a representative sampling of the FSS environment.

A many-body shakeup correction was applied by convolving
the predicted spectra with the Zn 1s core-hole spectral
function.’®™>* The shakeup correction was found to lower the
white-line intensity and improve agreement with the experi-
ment, as shown in Figure 2b. The ML-predicted spectra
reproduce the experimental trends well (Figure 2c). At low
concentration (0.1 m), a single white-line peak appears at 9668
eV. With increasing concentration, the peak intensity decreases
and shifts slightly to lower energy, while a second peak
emerges at lower energy at 9664.5 eV and becomes dominant
at high concentration (30 m). This trend is also shown in
Figure S4. Table S2 shows the root-mean-square error
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Figure 3. UMAP projection of the latent space features extracted by the GNN encoder. These absorber features serve as inputs to the spectrum
head MLP. Panels (a—d) show the same UMAP distribution with different color codes. (a) Number of Cl ions in the first solvation shell (FSS) of
the absorption Zn site. (b) Number of O atoms from water molecules in the FSS. (c) Total coordination number (CN) within the FSS of the
absorbing Zn atom. The cutoff radius to define the FSS is in (a—c) is 3.0 A. (d) Cluster assignments from k-means clustering. (¢) Mean DFT-
simulated spectra averaged within each of the six clusters. (f) Representative simulated spectra closest to the mean spectra.

(RMSE) and integrated absolute error (IAE) between the
predicted and measured spectra.

To summarize, the ML model shows good interpolation
capability as it accurately predicts spectra in the test set at
concentrations not included in training. At dilute concen-
trations such as 0.1 m, ab initio simulations are computation-
ally prohibitive due to the need for very large supercells to
accurately sample the distribution of solvation motifs. In
contrast, the ML model scales favorably for large systems,
enabling reliable prediction of XAS spectra for dilute solutions
in good agreement with experiment.

3.2. UMAP and Clustering Analysis of Learned
Representations

The GNN encoder transforms the atomic graph into a latent
representation of absorber features from which the subsequent
spectrum head accurately predicts the spectrum. In this
section, we analyze the latent absorber feature space to gain
physical insight into what structural information the GNN has
learned.

UMAP is applied to project the 64-dimensional absorber
features into two dimensions for visualization and interpreta-
tion. As shown in Figure 3a—c, the 2D UMAP embedding
exhibits clear clustering behavior. When color-coded by the
number of Cl neighbors, number of O neighbors, and total
coordination number (CN) within the first solvation shell
(FSS) of the absorbing Zn atom, the UMAP distribution
shows good correlation with the local coordination environ-
ment. Figure SS shows that subtle variations in second-shell
coordination and Zn—Zn neighbor counts also contribute to
the latent-space data distribution. These results demonstrate
that the latent features effectively embed the absorber
environment with physical interpretability.

To analyze trends in the feature clusters, we applied the k-
means”” clustering algorithm to the 2D UMAP embedding. K-

means is an unsupervised clustering method suitable for
spherical clusters employed here to assign labels to the
separated regions observed in the UMAP projection. Six
clusters were selected based on physical intuition on the
separation of first-shell species (O vs Cl) and coordination
numbers. The resulting clusters are shown in Figure 3d, and
the structural statistics are summarized in Table 1. UMAP with

Table 1. Structural Statistics of the Six Clusters Shown in
Figure 3d°

ESS Cl FSS O CN Rep. spectra
FSS
cluster mean std mean std mean std Cl FSS O

1 0 0 6 0 6 0 0 6
2 1.20 0.59 4.55 0.53 5.75 0.44 1 S
3 2.47 0.69 2.70 0.49 5.17 0.53 3 2
4 2.01 0.18 2.03 0.19 4.04 0.20 2 2
S 3.01 0.10 1.01 0.09 4.02 0.13 3 1
6 4.01 0.13 0.01 0.11 4.02 0.17 4 0

“The average local coordination environments are listed, including
the number of Cl and O neighbors in the first solvation shell and the
total coordination number. The last two columns list the local
coordinates of the representative structures corresponding to the
spectra shown in Figure 3f.

different initializations results in qualitatively consistent
clustering assignments, as shown in Figure S6. The clusters
closely align with the first-shell coordination environment. For
example, cluster 1 corresponds to Zn sites coordinated by six
O atoms and no CI atoms, whereas cluster 2 contains Zn sites
with four or five O and one or two Cl neighbors. Figure 3e
shows the averaged simulated spectra from each cluster, and
Figure 3f shows the representative simulated spectra, which
have the smallest MSE from the averaged spectra with their
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Figure 4. Interpretation of node attributions of the ML model for cluster 1 (a—d), cluster 2 (e—h), and cluster 3 (i—1), with each column
corresponding to one cluster. The coordination environments for the clusters are listed in Table 1. (a, e, i) Magnitude of node attributions averaged
over all energies, with marker color denoting element species (O: red, H: light blue, Zn: gray, and Cl: green) and marker area proportional to
attribution magnitude. (b, f, j) DFT-simulated (black) and ML-predicted (orange) XAS spectra. (¢, g, k) p-orbital partial density of states (PDOS)
referenced to the Fermi level (black dashed line). The PDOS energy is aligned to the XAS excitation energy scale using the ASCF alignment
procedure described in the Methods section and a constant energy shift. The Fermi level is set to 0 eV for presentation. (d, h, 1) Energy-resolved
node attributions, with shaded areas above and below the curves representing one standard deviation of equivalent atoms in the FSS. The top
shows attribution magnitudes for Zn, O, and Cl nodes. The bottom shows counterfactual (CF) attributions for O and Cl, where gray horizontal

lines mark the zero level.

structural parameters listed in Table 1. In the following
sections, we use these six representative samples to interpret
the ML model predictions.

3.3. Node Attribution Analysis and Correlation with PDOS

We employ the IG to analyze how structural motifs contribute
to the ML-predicted spectrum. At each energy, IG quantifies
the sensitivity of the predicted intensity to changes in the input
atomic representations. The resulting attributions are inter-
preted from a physical perspective. Specifically, we examine the
correlation of node attribution with the electronic structure
based on the partial density of states (PDOS).

Consider the dominant dipole transitions in Zn K-edge X-
ray absorption near-edge structure (XANES)

u(E) « |<(pclé-r|(pls>|2pc(E)

where l@,,) and lp_) are Kohn—Sham 1s and conduction band
orbitals, e is the polarization direction of the electric field, r is
the electron position operator, and p.(E) is the density of
states at excitation energy E = ¢, — €. Figures 4b,f,j and Sb,f;

show the simulated and ML-predicted XAS spectra for
representative structures from the six clusters. Figures 4c,gk
and Sc,g,k show the PDOS of the absorber Zn 4p and the O 2p
and Cl 3p states in the FSS. The shape of the unoccupied Zn
4p PDOS closely matches the near-edge structure of the XAS.
The Zn 4p states exhibit strong hybridization with the O 2p
and Cl 3p states in the FSS, influencing both the peak positions
and intensities.

Next, we analyze the node-wise attribution obtained from
the trained ML model. The detailed formulation can be found
in the Methods section, and here, we briefly summarize it. IG
computes the path integral of the below gradient

u(E) _ ou(E) ohf"
oh©@  onl® oh©

where u(E) is the predicted energy-dependent spectrum
intensity, () is the 64-dimensional initial embedding
depending solely on atomic species, and ho'V is the final
embedding of the absorbing atom (node 0) after L message-
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Figure 5. Interpretation of node attributions of the ML model for cluster 4 (a—d), cluster S (e—h), and cluster 6 (i—1), with each column
corresponding to one cluster. The coordination environments for the clusters are listed in Table 1. (a, e, i) Magnitude of node attributions averaged
over all energies, with marker color denoting element species (O: red, H: light blue, Zn: gray, and Cl: green), and marker area proportional to
attribution magnitude. (b, £, j) DFT simulated (black) and ML predicted (orange) XAS spectra. (c, g, k) p-orbital partial density of states (PDOS)
referenced to the Fermi level (black dashed line). The PDOS energy is aligned to the XAS excitation energy scale using the ASCF alignment
procedure described in the Methods section and a constant energy shift. The Fermi level is set to 0 eV for presentation. (d, h, 1) Energy-resolved
node attributions, with shaded areas above and below the curves representing one standard deviation of equivalent atoms in the FSS. The top
shows attribution magnitudes for Zn, O, and Cl nodes. The bottom shows counterfactual (CF) attributions for O and Cl, where gray horizontal

lines mark the zero level.

passing layers. On the right-hand side, the first derivative term
represents the gradient propagation through the spectrum
head, and the second Jacobian term represents the propagation
through the message-passing layers of the GNN. Together, this
gradient encodes the structural dependence of the spectrum on
the atomic configuration.

For each of the 64 dimensions of %, a gradient integral
IG,4(E) (d = 1—64) is obtained by integrating the gradient
along a linear path from baseline embedding to the actual node
embedding. Here the baseline h"** is chosen to be a zero
vector representing the absence of structural information.
Because the signs in node embedding vectors do not have
physical meaning unless a counterfactual (CF) analysis is
performed (introduced later in this section), the importance of
node i at energy E is quantified by the L,-norm of its integrated
gradients

64
lAtty(E)l = [IG, 4(E)[l, = Y. G, 4(E)!
d=1

|Attr,(E)| represents the energy-dependent sensitivity of the
predicted intensity to perturbations in the atomic representa-
tions.

In Figures 4a,e,i and Sase,i, the marker size represents the
average node importance for representative structures from
clusters 1—6, obtained by averaging the attribution over all 200
energy points. Atoms in the FSS contribute most significantly
to the spectrum prediction, with moderate contributions from
a few second shell atoms within 5 A of the absorber. For
clarity, only atoms of which the importance exceeds 10% of the
mean importance of O and Cl in the FSS are displayed. Plots
with thresholds set to 5% and 20% are shown in Figures S7 and
S8, respectively. This spatial localization of attribution is
consistent with the local nature of XANES and validates our
choice of using only the absorber features for spectral
prediction. In structures containing Zn—Cl—Zn bridging
motifs, second-shell Zn atoms contribute non-negligibly to
the prediction, indicating that the model captures the second-
shell Zn coupling mediated through the bridging Cl ligands.
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Table 2. Summary of Gradient-Based Attribution Analyses, Results, and Physical Interpretations

attribution scheme attribution observation interpretation
|Attry,| chsslonrfjti;:i?glglsosn patterns for 4-, S-, and 6- GNN differentiates the local geometry around the absorber
|Attrol ® 6-coord: O attributions strongly correlated  Attribution aligns with Zn 4p—O 2p hybridization features in
with Zn attribution shape and white-line peak ~ PDOS; GNN captures the structural origin of spectrum
Nogle attribution: Gradient: e 4-coord: Secondary contribution; modify intensity
% ; Baseline: zero vector XAS shape
oK
|Attrql ® 4-coord: Cl attributions strongly correlated  Attribution aligns with Zn 4p—Cl 3p hybridization features in
with Zn attribution shape and white-line peak ~ PDOS; GNN captures the structural origin of spectrum
® 6-coord: Secondary contribution; modify Intensity
XAS shape
AttrSF Positive near 9670 eV: signature of O ligand
0

CF attribution: Gradient: ()’; X

ol
Baseline: (ho©® + h{9)/2 AttrEf

presence in tetrahedral environments

Positive near 9666 eV: signature of Cl ligand

GNN encodes ligand-specific features and relative position of O
2p and Cl 3p conduction bands

presence in octahedral environments

Elongating Zn—ligand bonds shifts spectral
features toward lower energy

Bond-length attribution:
Gradient: %; Baseline: R +  AggyPondlen
o
0.05 A

phase oscillations

White-line intensity increases when Zn-ligand
bonds become more uniform

Zn—0 and Zn—Cl attributions show out-of-

Interpretation with the multiple-scattering theory: increasing
bond length lowers constructive interference energy

Symmetric first-shell geometry enhances constructive scattering

Oscillating pattern is influenced by the phase differences between
Zn—0 and Zn—ClI scattering paths

Figures 4d,h,i and Sd,h,i present the energy-resolved
attributions for the absorbing Zn and its first-shell O and Cl
ligands. The Zn attributions exhibit four characteristic peaks
between 9662 and 9674 eV, whose relative intensities vary with
coordination geometry. Clusters 1 and 2 (octahedral Zn-
(H,0)4 and Zn(H,0);Cl) show dominant peaks at 9664 and
9668 eV, while clusters 4—6 (tetrahedral ZnCl,-type) show
four peaks of comparable height, with the second peak (~9665
eV) increasing in intensity as the number of Cl neighbors
increases. Cluster 3 (pentahedral) shows intermediate features
between the octahedral and tetrahedral limits. These trends
demonstrate that GNN differentiates the local geometry of the
absorber. Through the message-passing layers, the embedding
of central Zn is modulated by the ligand-field symmetry and
propagated to the final spectral prediction.

In the octahedral clusters 1 and 2, the O-ligand attributions
resemble the Zn attributions, both exhibiting peaks at about
9664 and 9668 eV. This correlation indicates that information
from the ligands forms a major component of the message
passing that shapes the Zn embedding. The PDOS in Figures
4¢,gk and Sc,gk confirms that Zn 4p and O 2p states hybridize
in this energy region, giving rise to the white-line peaks.
Similarly, for the tetrahedral clusters 4, 5 and 6, the Cl
attributions coincide with the second Zn-attribution peak,
showing a strong peak at about 9665 eV. The same energy
region corresponds to strong Zn 4p-Cl 3p hybridization,
highlighted by the green-shaded region in the PDOS plots. For
the nondominant species (Cl in octahedral and O in
tetrahedral environments), node attribution peak positions
are also correlated with hybridization energies, e.g., the 9666
eV Zn—Cl feature in cluster 2 and the 9668 eV Zn—O feature
in clusters 4 and S. Cluster 3, which contains two O and three
Cl ligands (distorted pentahedral geometry), exhibits a mixed
behavior, with both Cl and O attributions contribute
significantly.

These observations demonstrate that the ML model
captures the ligand contributions to the spectral intensity,
consistent with the Zn-ligand hybridizations revealed by the
PDOS, which determine the XAS spectral shape. Node
attribution and PDOS analysis explain the XAS features in
different aspects: Node attribution captures the structural
origin of the intensity, while PDOS reveals its electronic origin.

Thus, the ML model reproduces the physical correlation
between the ligand environment and spectral features.

The attribution magnitude quantifies how strongly each
atom influences the prediction but does not indicate whether
that influence is positive or negative. To address questions
such as how swapping a Cl ligand for an O ligand would affect
the spectrum shape, a more straightforward explanation is
necessary. We compute a CF attribution for ligand atoms O
and Cl. Unlike the standard node-wise attribution that uses a
zero baseline, CF uses the average of the O and CI node

embeddings, " = %(héo) + 1), as a chemically neutral

reference. Because this baseline is between two real chemical
environments, the sign of the CF attribution becomes
physically interpretable. The CF attribution is calculated as
AttrF(E) = :;IGi,d(E)- For the original Cl ligand, a
positive CF value indicates that replacing O with Cl increases
the spectral intensity at that energy, while a negative value
indicates the opposite. It should be noted that although CF
attribution provides directional information, it can only be
defined for two species. For broader comparisons across all
atoms, magnitude-based attribution with a zero baseline
remains the most general measure. A summary comparing
the node-wise attribution, CF attribution, as well as the bond-
length attributions in the next section is in Table 2.

The CF attributions for O and Cl have similar patterns
across all of the clusters. The CF attribution of O shows a
positive peak between 9669 and 9671 eV and a negative region
near 9665 eV. The trend of Cl is reversed, with positive
contributions around 9665 to 9666 eV and negative values
between 9668 and 9672 eV. This trend can be understood
based on the electronic structure analysis. In the ZnCl,
solution, the valence band maximum is dominated by the Cl
3p states, and the water 1b; lone-pair states are pushed to
lower energy and become chemically more stable.””*" As a
result, the CI 3p antibonding states are lower in energy than
the O 2p antibonding states in the conduction band.

These opposite trends reflect the substitution relationship
between the two ligand species and can be used to identify the
spectroscopic signatures of the O-coordinated or Cl-coordi-
nated environments. In octahedral cluster 2, the ClI CF
attribution displays a positive peak at 9666 eV, marking the
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Figure 6. Bond-length attributions for six representative local motifs: (a) Zn(H,0),, (b) Zn(H,0);Cl, (c) Zn(H,0),Cl;, (d) Zn(H,0),CL, (e)
Zn(H,0)Cl,, and (f) ZnCl,. These are the representative structures from the six clusters listed in Table 1. The inset atomic structures show the
absorbing Zn site and the Cl atoms and water molecule within the first shell. The top of each subplot shows the comparison of simulated (black)
and ML-predicted (orange) XAS. Red and green curves show the bond-length attributions for Zn—O and Zn—Cl bonds, respectively; solid and
dashed lines correspond to longer and shorter bonds within each motif. Gray horizontal lines indicate the zero-attribution level. In (a,b), the
average lengths for long and short Zn—O bonds are 2.28 A and 2.0S A, respectively. In (e) and (f), the average lengths for long and short Zn—Cl
bonds are 2.42 A and 2.24 A, respectively. Positive attribution corresponds to an increase in spectral intensity upon elongation of the bond, whereas

negative attribution corresponds to a decrease.

signature of partial chlorination in an otherwise fully hydrated
ESS. The simulated spectrum exhibits a shoulder at this energy
(Figure 4f). Although the ML-predicted spectrum does not
reproduce a distinct shoulder, the intensity around 9666 eV is
elevated compared to cluster 1. In tetrahedral clusters 3 and 4,
the O CF attribution has a broad peak at about 9671 eV,
indicating that the presence of O rather than Cl increases the
intensity in this region. This is consistent with the spectra in
Figure 3e, where the bump at about 9671 eV grows with the
number of O ligands, indicated by the black arrow. Hence, this
feature can serve as a signature of the presence of O ligands in
tetrahedral environments. Overall, the CF analysis demon-
strates that the GNN model correctly encodes how ligand
substitution (i.e, O or Cl) modulates the spectral intensity.

In summary, the gradient-based node attributions quantify
the ML model’s sensitivity to perturbations in atomic
representation. The good alignment between energy-resolved
attributions and PDOS analysis demonstrates that the GNN
learns the physical structural-spectrum relationships as revealed
by Zn-ligand hybridization in the electronic structure.’”*> The
CF analysis further distinguishes whether the presence of a
ligand enhances or suppresses the spectral intensity and helps
identify characteristic features, such as the Cl signature in
octahedral and the O signature in tetrahedral environments.
The main findings are summarized in Table 2.

3.4. Bond-Length Attribution Analysis

To investigate how the ML model encodes bond distances, we
perform a bond-length attribution analysis using the IG
method. For each bond i, IG quantifies the integral of gradient
Iu(E)
a i

u(E) changes with variations in bond length R, The
integration is carried out along a continuous path from a
baseline of R"*° = R; + AR, where AR = 0.05 A (i.e., the target
bond is elongated by 0.0S A), to the actual bond length R,. We
take the negative of calculated integrated gradients as the
bond-length attribution, which corresponds to the change in
spectral intensity associated with an incremental elongation of
the specific bond. To assess the robustness of the bond-
stretching baseline choice, we performed tests using AR = 0.01,
0.03, and 0.07 A. The results are shown in Figures S9—S11.
The qualitative features of bond attributions remain consistent
across the tested AR values.

We interpret the bond distance attribution trends based on
the multiple scattering theory, where the spectral features y(E)
can be rationalized as a sum of the contributions from different
scattering paths.s3 x(E) is defined as the spectral contrast of
u(E) with respect to a smooth atomic background u,(E),

, which measures how the predicted spectrum intensity

x(E) = %ﬂﬂ"@), where Ay is the measured jump in u(E)

at the absorption edge E,."**

Specifically, leading contributions

https://doi.org/10.1021/acs.jpcb.6c00464
J. Phys. Chem. B XXXX, XXX, XXX—XXX


https://pubs.acs.org/doi/suppl/10.1021/acs.jpcb.6c00464/suppl_file/jp6c00464_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jpcb.6c00464?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcb.6c00464?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcb.6c00464?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpcb.6c00464?fig=fig6&ref=pdf
pubs.acs.org/JPCB?ref=pdf
https://doi.org/10.1021/acs.jpcb.6c00464?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Physical Chemistry B

pubs.acs.org/JPCB

from the two-leg paths y,(E) of each ligand i can be simplified
according to Sayers and Stern’s formulation: "%

% (E) o (k) sin(2kR, + 211,(k)) (1)

where f(k) is the effective scattering amplitude of the ligand
atom i, R; is the absorber—ligand distance, #;,(k) is the phase

shift, and k = \/2m,(E — E,) /7 is the photoelectron wave-

number corresponding to excitation energy E relative to E,,.
The 2kR; term determines the oscillation in k space. Variations
in bond length R; change the oscillation frequency of y;(E) and
thus the interference pattern among scattering paths, leading to
energy-dependent bond-length attributions.

Figure 6 shows the bond-length attributions for representa-
tive spectra from the six clusters. For the fully hydrated
Zn(H,0)¢ shown in Figure 6a, the six Zn—O bonds are
grouped into two sets: a shorter group with an average bond
length of 2.05 A and a longer group with an average length of
2.22 A. According to eq 1, a longer bond length increases the
oscillation frequency of y,(E) and shifts the constructive-
interference condition to slightly lower energies. This is
reflected in the bond-length attribution, where stretching the
Zn—O bonds shifts the scattering peak to the lower-energy side
of the white-line peak, and the peak position for the longer
bonds appears at a lower energy.

When the FSS is asymmetric, e.g., distorted Zn(H,0)4 with
different Zn—O bond lengths, stretching the shorter Zn—O
bonds slightly increases the white-line intensity, whereas
stretching the longer bonds reduces it. This indicates that
the white-line peak is enhanced when the first-shell environ-
ment becomes more symmetric. The tetrahedral ZnCl,
complex (Figure 6f) follows the same trend in which more
symmetric motifs exhibit larger white-line intensity. In mixed-
ligand motifs, such as Zn(H,0);Cl and Zn(H,0)Cl,, the Zn—
O and Zn-Cl bond-length attributions follow similar
symmetry-dependent responses. According to eq 1, uniform
Zn-ligand distances yield equal oscillation phases in the 2kR;
term, leading to constructive interference among two-leg
scattering paths and a stronger total amplitude. Conversely,
structural asymmetry acts as a form of bond disorder, which
causes amplitude reduction and is often described by Debye—
Waller damping factors in the extended X-ray absorption fine
structure. These results demonstrate that the ML model
effectively captures local symmetry through its edge and
angular features and learns that the white line peak intensity is
maximized when dominating scattering paths contribute
constructively, e.g., the first coordination shell is geometrically
uniform.

For partially hydrated and partially chlorinated complexes,
the effects of stretching Zn—0O and Zn—Cl bonds are different
and often exhibit out-of-phase oscillations. The O and Cl
ligands have different scattering amplitudes f;,(k) and
oscillation frequencies, resulting in more complex energy-
dependent interference between Zn—O and Zn—Cl scattering
paths. The XAS fine structure is related to the coherent sum of
multiple scattering paths with different phases, f(k) sin(2kRq
+ 2no(k)) and f (k) sin(2kR; + 27 (k)), where the relative
phases determine whether the individual path contributions
interfere constructively or destructively. Taking Zn(H,0),Cl,
as an example, when Zn—Cl bonds are elongated, their
oscillation frequencies increase, shifting the constructive
interference to slightly lower photon energies (Figure 6d).
Nevertheless, the bond-length attribution behavior for mixed

ligands is more complicated than that in single-ligand systems.
Despite the difficulty in rationalization, the ML model captures
the alternating constructive and destructive interference of
Zn—O0 and Zn—Cl paths and the phase-beating pattern that
governs the near-edge structure of mixed-ligand Zn complexes.

4. CONCLUSIONS

We have developed a physics-guided ML model for Zn K-edge
XAS for aqueous ZnCl, solutions across a broad concentration
range. ML-predicted spectra agree well with the experimental
measurements. Applying post hoc many-body shakeup
corrections improves the agreement with experimental data.
The ML framework is computationally efficient and scalable,
enabling the accurate prediction of XAS for large dilute
systems, which are otherwise computationally prohibitive with
conventional ab initio methods.

UMAP analysis shows that the learned latent features from
GNN accurately capture the local coordination environments
of Zn absorbers. Gradient-based attribution analyses reveal that
the model captures physically consistent structure-spectrum
relationships. Node-wise attributions show that the energy-
resolved importance of ligands O and Cl strongly correlates
with the orbital hybridization patterns observed in PDOS. CF
attribution analysis further clarifies the spectral sensitivity on
atom type, identifying signatures of O coordination in
tetrahedral ZnCl,-like environments and Cl coordination in
octahedral Zn(H,0)4like environments. Furthermore, edge-
wise attribution analysis correlates bond length perturbations
with changes in the scattering paths, consistent with multiple-
scattering theory.

Together, these results demonstrate that the ML model can
recover physically meaningful principles. By correlating GNN
attributions to orbital hybridization and photoelectron
scattering, our approach bridges data-driven predictions with
a quantum mechanical understanding. This study establishes a
physics-guided architecture and a general pathway for
interpretable ML in spectroscopy.
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